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(57) Abstract: A method for modeling marketing response rates. The method is used to evaluate and filler large contact lists with 
the aim of accomplishing two goals. The method of the present invention uses an internal experience database and an external 
demographic database, coupled with variable screening schemes and ncro-parameoic modeling techniques. The method comprises 
a number of steps. First, a data acquisition step associates descriptor variables with prospects. Second, a variable selection step 
identifies the ctescriptor variables in order minify prospects nx>^ 

step examines and assesses a number of competitive algorithms, and selects the algorithm that will best predict the response rate. 
Fourth, a parameter estimation step ensures the best fit of data once an algorithm is chosen. Finally, a validation step ensures the 
robustness of the modeling process. 
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METHOD FOR MODELING MARKET RESPONSE RATES 

FIELD OF THE INVENTION 

The present invention generally relates to direct marketing, and more specifically 
to modeling market response rates to direct solicitations. 

BACKGROUND OF THE INVENTION 

Direct marketing usually involves directly contacting persons or entities, such as 
for example by mail, with a specific message or solicitation. The persons to be contacted 
5 are usually identified by a mailing list Today's direct marketer, however, faces a variety 
of problems, such as for example rising postal and printing costs, which effect the cost 
of doing business. The success of a direct mailing is dependent on the number of 
responses created by the direct mailing (i.e., the response rate). As a result, blindly 
mailing a direct mail piece to everyone on a mailing list (e.g., mass mailings) can be 
10 — — costly and inefficient because the response rate will in all likelihood be low. 

Cost-conscious direct marketers use their knowledge about persons identified on 
a mailing list {i.e., a prospect) to determine the best prospects to mail to. Usually, a 
marketer will use a set of descriptor variables about each prospect, such as for example 
demographics and credit card ownership, to target good prospects (i.e., prospects which 

IS will find the mailing interesting). For example, the Rao and Steckel model includes 
acquiring a set of descriptor variables and conducting a knowledge engineering session 
to screen the variables. In this regard, a marketing committee may be appointed and 
prior experience and intuition may be used to pick out the demographic variables most 
relevant to the response rate. After that, the probability of a response is modeled as a 

20 beta-logistic distribution and its parameters are estimated by maximum likelihood and 
a response score, R(i) for each prospect i, and a profit score, P(i) for each prospect i, are 
generated. Next, each prospect is assigned a value of R(i) x P(i), and each prospect is 
ranked high to low based on the assigned value of R(i) x P(i). The ranking of prospects 
is intended to account for both responsiveness and profitability of the direct mailing 

25 proposal. 
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There are a; least two drawbacks to the Rao and Steckel model. First, the variable 
screening process based on opinion is subjective and error-prone. Second, using a simple 
distribution to describe the response probability in a high-dimensional (e.g., hundreds of 
attributes to a prospect), noisy environment (i.e., incomplete or missing data) is 
inadequate. In this regard, the drawback of using a simple distribution to describe the 
response probability is that a simple distribution assumes that the behaviors of various 
people will follow more or less a magic distribution and is governed by pure randomness. 
This assumption ignores the fact that there may be some reasons behind a person's 
response to a solicitation. 

BRIEF SUMMARY OF THE INVENTION 

Thus there is a particular need for a consistent and sustainable process for 
building response models which predict the likelihood of a prospect responding to a 
marketing solicitation. The present invention is a method for modeling market response 
rates. The method is used to evaluate and filter large contact lists with the aim of 
accomplishing two goals. The tactical goal is to improve a market response rate to cut 
costs associated with mailing, phone and electronic mail campaigns and produce more 
leads. The strategic goal is to assess the incremental risk of non-responsiveness 
associated with the incremental volume derived from growing a market in different 
directions (i.e., the tradeoffs between growing business (e.g., more solicitation) and risk 
of loss). 

The method of the present invention uses an internal experience database and an 
external demographic database, coupled with variable screening schemes and non- 
parametric modeling techniques. The method comprises a number of steps. First, a data 
acquisition step associates descriptor variables with prospects. Second, a variable 
selection step identifies the descriptor variables in order to identify prospects most likely 
to respond to a direct marketing solicitation. Third, a model selection step examines and 
assesses a number of competitive algorithms, and selects the algorithm that will best 
predict the response rate. Fourth, a parameter estimation step ensures the best fit of data 
once an algorithm is chosen. Finally, a validation step ensures the robustness of the 
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modeling process. Robustness means the model will work even though the data in the 
future is likely to be different from the data used to build the model. 

BRIEF DESCRIPTION OF THE DRAWINGS 

Fig. 1 is a flow diagram illustrating the steps of one embodiment of a method 
. for modeling market response rates in accordance with the present invention; 

5 Fig. 2 is a block diagram illustrating an example of cross-referencing of 

mailing records with multiple universal files in the data acquisition step of the method 
illustrated in Fig. 1; 

Fig. 3 is a flow diagram illustrating steps included in the variable selection 
step of the method illustrated in Fig. 1; 

10 Fig. 4 is a table showing an exemplary subset of Census Tract and Block 

Group variables selected in the variable selection step of the method illustrated in Fig. 

1; 

Fig. 5 is a table showing the results of testing of models constructed using 
training data; 

1 5 Fig. 6 is a table showing the performance of ZIPS classifiers; 

Fig. 7 is a table showing the performance of Census Tract and Block Group 
classifiers; 

Fig. 8 is a table showing the performance of Donnelley classifiers; and 
Fig. 9 is a graph summarizing the results shown in Figs. 6-8. 

DETAILED DESCRIPTION OF THE INVENTION 

20 The first embodiment of the invention is a method for estimating response rates 

for a direct marketing campaign. For ease of explanation, this invention will be 
described with reference to a direct marketing campaign that uses the mail, however, 
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other processes can be used with this invention such as direct marketing with a phone, 
the Internet (electronic mail), fax machines, etc. A direct marketing campaign through 
the mail can provide a variety of information to the intended recipients. One possible 
example is to mail pieces advertising long term health care insurance. This invention 

5 should not be limited to advertising long term health care insurance and can be use for 
a variety of other insurance applications as well other areas that do not relate to 
insurance. The method of this invention associates demographic variables to prospects 
and uses non-parametric modeling techniques to predict mailing response rates for the 
prospects. The method is operable in two modes - a training mode and a testing mode 

10 - for cross-validation purposes. Specifically, the data set is divided into two sets, a 
training data set that is used to build the model, and a test data set that is used to test the 
robustness of the model. In the training mode, historical mailing data is analyzed off-line 
and a decision logic (i.e., a model) is formulated to estimate the mailing response rates. 
In the testing mode, the decision logic analyzes prospects on the fly and predicts the 

15— response rates-for-prospects* - 

Referring now to Fig. 1, the method first comprises the step of acquiring data. 
This step generally comprises attaching household or area level demographics to a 
prospect (e.g., a mailing record), randomly sampling the prospects, and splitting the 
randomly sampled prospects into a training set and a testing set. First, mailing records 

20 on a mailing list are cross referenced with a universallile (i.e., the entire data set) so that 
information regarding demographic variables associated with a mailing record are 
attached to the mailing record. Preferably, the mailing records are cross referenced with 
multiple universal files. For example, as shown in Fig. 2, the mailing records can be 
broken down into groups using universal files available from various vendors, including 

25 for example Donnelley, Census Tract and Block Group ("CTBG") and ZIPS. If multiple 
universal files are used, preferably the mailing records are broken down in to subgroups. 
Continuing the example, four groups of data can be created - Group 1: Matched with 
Donnelley household demographic key; Group 2: Not matched with Donnelley, but 
matched with CTBG demographic key; Group 3: Not matched with either Donnelley or 

30 CTBG, but matched with ZIPS demographic key; and Group 4: Not matched with 

4 
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Donnelley, CTBG or ZIP5. Preferably, the mailing record is attached with individual, 
household and area level demographic information which are useful for identifying 
segments having the strongest relationship to the mailing response rate. Preferably, for 
each universe file used for cross referencing, equal number of responders and non- 
5 responders are included in the group. In this regard, all of the responders and a sub- 
sampling (i.e., random drawing of non-responders) of the non-responders are typically 
included because non-responders are much greater in size than that of responders. Each 
group is next randomly split into two sets - a training set and a testing set For example, 
the training set may be about 2/3 of the size of the group, and the testing set may be 
10 about 1/3 of the group. 

Referring again to Fig. 1, the method next comprises the step of variably 
selecting descriptor variables. Generally, it is desirable to use as few variables as 
possible in the presence of noise. This is often referred to as the "principle of 

parsimonious." There may be combinati ons (linear or nonlinear) of variables that are 

15 irrelevant to the underlying process, that due to noise in data appear to increase the 
prediction accuracy. Preferably, variables with the greater discrimination power in 
response prediction are selected. Generally, descriptor variables are selected using the 
misclassification rate as a measure of the discrimination power of each input variable 
given the same size of tree it constructs. In this regard, there are two types of 

20 misclassification, "wasted-mail" and "missed-opportunity." A model takes as input a list 
of prospects attached with demographic variables (Xs) and known response (Ys) and 
will produce as output four numbers - first, the number of known responders being 
classified as responders (sensitivity of the classifier); second, the number of known 
responders being classified as non-responders (missed-opportunity); third, the number 

25 of known non-responders being classified as responders (wasted-mail); and fourth, the 
number of known non-responders being classified as non-responders (specificity of the 
classifier). It is preferred that both missed-opportunity and wasted-mail be minimized. 
However, tradeoffs may be necessary. For example, one performance evaluation 
criterion would be to minimize the misclassification cost, that is to minimize the sum of 
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misclassification rates weighted by cost: objective = minimize (# of wasted-mail x cost 
per wasted-mail + # of missed-opportunity x cost per missed-opportunity). 

This step involves two parts. First, it is preferred that CART, a commercially 
available statistical algorithm for classification be used for variable selection. Assuming 
5 there are N input variables and one output variable, and that there are equal number of 
responders and non-responders in the training data set, a tree model is constructed for 
each input variable and the output variable is used to measure how good the variable is, 
as shown in Fig. 3. Next, die tree is allowed to grow until the size of each terminal node 
is preferably no smaller than 1/100 of the original data set Next, the tree is pruned until 

10 the number of terminal nodes is preferably around 10, which provides a balance between 
robustness and accuracy. Next, the misclassification rate of the tree model is computed. 
(At this point, there are N tree models. Each tree has about 10 terminal nodes.) Next, 
each (N) tree model ranked in ascending order of their misclassification rates. Finally, 
the top 20 trees and their input variables are selected. For example, a subset of CTBG 

"15 vanabl wsel wted 6>T CART are shown in Fig. 4. This step secondly involves selecting 
variables out of the available Donnelley, CTBG and ZIPS variables. In this regard, each 
input variable is grouped into two samples: responders and non-responders. The mean 
difference of the two groups for the particular input variable is next tested. In addition, 
the variance difference of the two groups is tested. If both the mean and variance values 

20 are significant different, then the input variable is selected. The selection criteria in this 
case is that both P-values from two-sample T-test and F-test are significant at 0.01 level. 
The variables that are common to die two groups of variables are preferably used. 

Referring again to Fig. 1, the method next comprises the step of selecting a 
classifier that will best model the mailing response rate. First, available classifiers that 
25 are to be considered as possible models are selected. For example, commercially 
available classifiers, including METROMAIL, Multivariate Adaptive Regression 
Splines, Logistic Regression, Neural Networks with Back-Propagation, CART and No 
Data Optimal Classifier (e.g., human intuition), can be selected. Next, the selected 
classifiers are compared using available universal files, such as for example, the 2IP5 



6 



WO 01/20512 



PCTAJS00/24414 



universal file. In this regard, the selected classifiers are constructed using the selected 
universal file that is split into a training set, to construct the classifier, and a test set, to 
test the robustness of the constructed classifier. Preferably, multiple universal files are 
used For example, the ZIPS universal file is split into a training set and a testing set, and 
the training set is used to construct a number of different classifiers such as 
METROMAIL, Multivariate Adaptive Regression ("MARS"), Splines ("C4.5"), Logistic 
Regression ("LR"), Neural Networks with Back-Propagation ("NN-BP"), CART and No 
Data Optimal Classifier ("NDOC"). Next, the ZIP5 testing set is used to test the 
constructed classifiers for robustness. In this example, the ZIPS universe file contained 
8,407 responders and 454,732 non-responders. 

With reference to Fig. 5, the results of the testing of each model constructed 
using the training data are shown using the test data to validate. This comprises the 
validation step shown in Fig. 1. In order to make a cost evaluation, the cost per missed- 
op portun ity (i.e., no mailing was made to prospect which would have responded) is 
15 estimated to be $17.85, while the cost per wasted-mail is estimated to be $.33 (i.e., the 
cost of postage). Based on the results of the example, the CART classifier was 
determined to be the best The results of the test, and the best classifier will vary 
according to the classifiers used, the universal file used, and the assumptions made. 

Referring again to Fig. 1 , the method further comprises the step of estimating the 
20 parameters. In this regard, it is noted that NODAC (no-data optimal classifier) is in 
essence a "brain-dead" approach. It does not utilize any data/information to reach its 
conclusion. It only depends on the gut feeling of prior probabilities and estimation of 
misclassification cost Theoretically speaking, it assigns any observation to a class j that 
minimizes £n(i)C(j\i), for all i, where n(\) is the prior probability of class i and C(j\i) 
25 is the cost of misclassifying class i as class j. Assuming class / to be responders, and 
class 0 to be non-responders, there are two costs — missed-opportunity, C(0\1) 9 and 
wasted-mail, C(1\0). The latter is to misclassify class 0 as class 7, i.e., mistaken non- 
responders as responders. The former is vice versa, i.e., mistaken responders as non- 
responders. In this example, NODAC has only two choices. It either blindly mails out 
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to all prospects or does not mail at all. The decision is based on the minimum of the two 
numbers: n(l)C(0\l) or n(0)C(l\Q). The latter was the total cost of wasted-mail (mail 
to all and see how much it costs): n(Q)C(l \0) = 0.98 x$0.33 = 03240. The former was 
the total cost of missed-opportunity (do not mail at all): n(])C(0\l) = 0.018 x$l 7.85 = 
5 0.3240. As can be seen by this example, the two costs were almost the same. The cost 
estimates in this case are called the break-even costs for the prior estimates. 

The parameters that can be set in tree structured classification include the priors, 
n(i), and variable misclassification costs, C(j|i), for class i and j. The priors are more or 
less fixed - not much can be done about the 1.56% response rate on the average. 
10 Consequently, instead of bumping up the 1.56% response rate, it is preferred that the 
classifier's prediction accuracy is improved by using better estimates of misclassification 
costs. 

As discussed above, break-even costs for the ZIP5 priors are $1 7.85 and $0.33 
for missed-opportunity and wasted-mail, respectively. In this exampleTa high confidence 

15 on the estimate of wasted-mail is presumed to be within 10%. In contrast, the missed- 
opportunity depends on how the profit is modeled. Nevertheless, the lower bound of the 
figure is the break-even cost of missed-opportunity: $17.85 for the ZIPS. In this regard, 
it is not worth doing any business if a lead's value is lower than that. On the other hand, 
if the estimate of mis^-opportumt^increased iiTtBe ^itive^^tidnTwe~will~be 

20 tempted to mail out to all prospects due to the fact that the cost of missed-opportunity 
would be too high. In other words, as the cost of missed-opportunity increases, the 
NODAC (no-data optimal classifier) will become more and more dominate. 

By way of further examples, the following shows the relative performance of 
METROMAIL, NODAC and CART under three different cost estimates for the three 
25 demographics. Fig. 6 illustrates the performance of ZIPS classifiers. Figs. 7 and 8 show 
the performance of CTBG and Donnelley, respectively. 

There are two numbers in each cell of Fig 6. One is the total misclassification 
cost The other is the percentage improvement over METROMAIL. If the missed- 
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opportunity cost is estimated as $20, then CART is clearly the better classifier. If it is 
estimated as $60, then both CART and NODAC give similar performance. If the 
estimate of missed-opportunity is further increased to $100, then CART is acting exactly 
like NODAC (i.e., mailing out to all prospects). Note that the performance of NODAC 
S is the same throughout the three different estimates of missed-opportunity because the 
break-even cost is around $20. Consequently, NODAC just mails out to all prospects as 
long as the cost of missed opportunity is estimated greater than $20* 

A similar trend as ZIPS is observed for CTBG, as shown in Fig. 7. CART is the 
better classifier if the missed-opportunity cost is around $20. If the missed-opportunity 
10 is estimated beyond $60, then both CART and NODAC behave in the same way. The 
CARTS dominance over NODAC decreases as the missed-opportunity cost is increasing 
from $20 to $60. 

From Fig. 8, it is clear that CART is the better classifier throughout various levels 

— of— cost-estimates-of- missed-opportunity CART - has - potential savings over 

15 METROMAIL by $2.4 MM if the cost of per missed-opportunity is $100. 

The results shown in Figs. 6-8 are summarized in Fig. 9. The X-axis is the cost 
estimates of missed-opportunity, while the Y-axis is the dollars saved over 
METROMAIL classifier summed across the three demographics. If a lead's value is less 
than $20, then it is not worth doing any business. Note that a lead's value is the same as 
20 the miss-opportunity cost At the break-even cost, $20, CART can save $3 1 8,000 over 
the current METROMAIL classifier. If a lead's value is $60, then either CART or 
NODAC can save up to $1.8MM. If a lead is valued at $100, then either CART or 
NODAC can save over $4.4MM over the METROMAIL. 

It is noted that CART is the better classifier if a lead is valued less than $60. If 
25 a lead's value is greater than $60, then there is not much gained using CART over 
NODAC. Assuming the missed-opportunity and the wasted-mail costs are $100 and 
$0.33, respectively, (i.e., the missed-opportunity cost is 303 times greater than that of die 
wasted-mail cost), it would break even if and only if at least one responder in 303 

9 
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mailings was obtained. Knowing that the prior probability of response rate is 1.56%, the 
NODAC approach way would be used (i.e., mail out to all prospects). 

It should be apparent that the method of the present invention provides a 
consistent and sustainable process for building response models which can be used in a 
variety of direct marketing scenarios that use the phone, Internet (electronic mail), fax 
machines, etc. 

It is therefore apparent that there has been provided in accordance with the 
present invention, a method that fully satisfies the aims and advantages and objectives 
set forth herein. The invention has been described with reference to several 
embodiments, however, it will be appreciated that variations and modifications can be 
effected by a person of ordinary skill in the art without departing from the scope of the 
invention. 
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CLAIMS 

1 . A method for modeling market response rates comprising the steps of: 

acquiring a list of prospects and attaching descriptor variables to said list of 
prospects; 

variably selecting descriptor variables; 

S selecting a model by examining and assessing at least one algorithm; and 

validating the model to ensure the robustness of the modeling process. 

2. The method of claim 1 , wherein said step of acquiring a list of prospects 
. further comprises: 

attaching demographics to a prospect; 

randomly sampling the prospects; and ~" ~ ~~~ 

5 splitting the randomly sampled prospects into a training set and a testing set 

3. The method of claim 1, wherein said step of acquiring a list of prospects 
further comprises: 

cross referencing said list of prospects with a universal file to cause variables 
associated with a mailing record to be attached to said prospect. 

4. The method of claim 3, wherein said list of prospects is cross referenced 
with multiple universal files. 

5. The method of claim 4, wherein said list of prospects are cross referenced 
with at least two of the group of universal files consisting of: Donnelley, Census Tract 
and Block Group and ZIPS. 
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6. The method of claim 1, wherein said step of acquiring a list of prospects 
further comprises selecting an equal number of responders and non-responders for each 
universe file used for cross referencing. 

7. The method of claim 1 , wherein said step of variably selecting descriptor 
variables further comprises using the misclassification rate as a measure of the 
discrimination power of each input variable. 

8. The method of claim 1, wherein said step of variably selecting descriptor 
variables further comprises: 

selecting CART, and using CART to performing the steps of: 

constructing a tree model for each input variable available for selection; 

growing the tree until the size of each terminal node is preferably no smaller than 
1/1 00 of the original data set; 

pruning the- tree until the number of terminal nodes reaches a predetermined 
number; 

computing the misclassification rate of each tree model; 

ranking each tree model in ascending order of their misclassification rates; and 

selecting at least one input variable based on said ranking. 

9. The method of claim 1, wherein said step of variably selecting descriptor 
variables further comprises: 

selecting at least one variable out of the available Donnelley, Census Tract and 
Block Group and ZIPS variables; 

grouping each input variable into a responder group and a nonresponder group; 
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determining the mean difference of the responder group and nonresponder group 
for the input variable selected; 

determining the variance difference of the responder group and nonresponder 
group for the input variable selected; 

selecting the input variable if both the mean and variance values are significant 
different 

10. The method of claim 1, wherein said step of selecting a model by 
examining and assessing at least one algorithm further comprises: 

selecting multiple classifiers for examination and testing; and 

comparing the selected classifiers using a universal file. 

11. Th e method of claim 10, wherein said step of selecting an algorithm 
comprises selecting an algorithm from group consisting ofMETROMAlL, Multivariate 
Adaptive Regression Splines, Logistic Regression, Neural Networks with Back- 
Propagation, CART and No Data Optimal Classifier. 

12. The method of claim 10, wherein said universal file is the ZIPS universal 

file. 

13. The method of claim 10, wherein said step of comparing the selected 
classifiers using a universal file further comprises: 

splitting the universal file that is split into a training set and a testing set; and 

constructing the classifier using the training set. 

14. The method of claim 13, where said step of validating the model to ensure 
the robustness of the modeling process further comprises: 

testing each classifier using the testing set 
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15. The method of claim 1, further comprising the step of estimating the 
parameters to ensure that the best fit of data once an algorithm is chosen. 

16. The method of claim 1, wherein said method is applied to modeling 
response rates in the insurance sector. 

1 7. A method for modeling market response rates comprising the steps of: 
acquiring a list of prospects; 

attaching demographics to said prospect; 
randomly sampling the prospects; 

splitting the randomly sampled prospects into a training set and a testing set; 
variably selecting descriptor variables using the misclassification rate; 
selecting multiple classifiers; 
selecting a universal file; 

comparing the selected classifiers using the selected universal file by constructing 
the classifier using said training set; 

validating the selected classifier by testing each classifier using the testing set 
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For each input variable 



N 



Construct a tree model with the single input 



Let the tree grow until the size of each terminal node is 
no smaller than 1/100 of the original data set. 






r 




Prune the tree until the number of terminal node is around 10. 



Compute the misclassification rate of the tree mode 



End For? 



Rank the N tree models by ascending order of their misclassification rates. 



Select the top 20 trees and their input variables. 



Fig. 3 
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Variabl Description 


1 


Easy weather index 


2 


Per capital income 


3 


Easy quality of life index 


4 


Median value of owner occupied 
houses 


5 


Population in 1997 in the CTBG 


6 


Restaurant index 


7 


Car, truck, van used to work 


8 


Urban population in the CTBG 


9 


Culture index 



Fig. 4 
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#of 
missed- 
opportunit 

y 


# of wasted- 
mail 


Misclassificat 
i n 
cost 


% imoroved over 
METROMAIL 


METROMAIL 


2,480 


343,323 


$157,566 


0.0% 


C4.5 


2,430 


285,572 


$137,607 


12.7% 


MARS 


3,918 


203,265 


$137,008 


13.0% 


LR 


4,700 


172,798 


$140,910 


10.6% 


NN-BP 


8,071 


13,187 


$148,414 


5.8% 


CART 


4,802 


145,983 


$133,890 


15.0% 


NODAC 


0 


454,732 


$150,062 


4.8% 



Fig. 5 
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$20 


$60 


$100 


• ■CTonM All 


$ I Of ,OUO 

(0.0%) 


$ c* n t t £XU 

(0.0%) 


<tQ7ft Q1 1 

5>o/o t yi i 
(0.0%) 


NODAC 


$150,062 
(4.8%) 


$150,062 
(39.3%) 


$150,062 
(60.4%) 


CART 


$133,890 
(15.0%) 


$151,379 
(38.8%) 


$150,062 
(60.4%) 



Fig. 6 
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$20 


$60 


$100 


METROMAIL 


$818,566 
(0.0%) 


$1,315,204 
(0.0%) 


$2,060,185 
<0.0%) 


NODAC 


$794,583 
(2.9%) 


$794,583 
(39.6%) 


$794,583 
(61.4%) 


CART 


$721,913 
(11.8%) 


$794,583 
(39.6%) 


$794,583 
(61.4%) 



Fig. 7 
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$20 


$60 


$100 


METROMAIL 


$2,309,073 
(0.0%) 


$3,499,639 
(0.0%) 


$5,286,130 
(0.0%) 


NODAC 


$2,309,455 
(0.0%) 


$2,309,455 
(34.0%) 


$2,976,675 
(77.6%) 


CART 


$2,109,965 
(8.6%) 


$2,309,455 
(34.0%) 


$2,976,675 
(77.6%) 



Fig. 8 
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| $1,500,000.00 



| 11.0 
m $500,00000 
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Fig. 9 



